The health concentration curve is the standard graphical tool to depict socioeconomic health inequality in the literature on health inequality. This paper shows that testing for the absence of socioeconomic health inequality is equivalent to testing if the conditional expectation of health on income is a constant function that is equal to average health status. In consequence, any test for parametric specification of a regression function can be used to test for the absence of socioeconomic health inequality (subject to regularity conditions). Furthermore, this paper illustrates how to test for this equality using a test for parametric regression functional form and applies it to health-related behaviors from the National Health Survey 2014.
INTRODUCTION
The health concentration curve provides a profile of how health varies across the full distribution of living standards. It is one of the most widely accepted analytical tools in the health inequality literature and is used to portray nonparametrically the evolution of socioeconomic health inequalities from a global health perspective and a national perspective. 1 Empirical researchers often emphasize that it is crucial to test whether (or not), the health concentration curve is statistically different from the 45-degree line (O'Donnell, van Doorslaer, Wagstaff, & Lindelow, 2008) . 2 Allowing researchers to address this question will provide them with some guidance as to whether health inequality is an issue that needs further consideration.
Building on the literature on inference for Lorenz and concentration curves' dominance, O'Donnell et al. (2008) propose testing for the equality of these two curves but on a predesignated grid of points. Hence, their testing procedure does not test for the equality of the two curves over their domain of definition. An undesirable consequence of their test is that it has no power against alternatives whose curves are equal at points in the predesignated grid and differ at other points in their domain. This renders the test inconsistent. A more desirable approach would be to compare the curves at all points in the domain. This paper shows that testing for the equality of the health concentration curve and the 45-degree line at all points between 0 and 1 is equivalent to testing that the conditional expectation of health on income is equal to a constant function of income, where the constant is the population mean health status. This equivalence allows the analyst to test for the equality between the 45-degree line and the health concentration curve using tests for parametric specification of a regression function (equivalent to the 45-degree line) against a nonparametric (potentially nonlinear) alternative (equivalent to the health concentration curve). Tests of this sort are ubiquitous in econometrics (e.g., Azzalini, Bowman, & Härdle, 1989; Wooldridge, 1992; Yatchew, 1992; Härdle & Mammen, 1993; Liu, Stengos, & Li, 2000; Tripathi & Kitamura, 2003) , which provides a lot of choice for the practitioner. This paper does not suggest the use of any particular test because such a choice would naturally depend on which regularity conditions are appropriately satisfied in practice. To provide an example of settings in which the established equivalence can be exploited, we discuss in detail the implementation of the Härdle and Mammen (1993) test and apply it to analyze health-related behaviors.
The rest of this paper is organized as follows. In the next section, we present the measurement framework. Section 3 presents our main result and the Härdle and Mammen (1993) test adapted to our framework. Section 4 gives a brief empirical illustration using data on health-related behaviors from the National Health Interview Survey 2014. Finally, Section 5 concludes the paper.
MEASUREMENT FRAMEWORK

Concentration curve and concentration index
The health concentration curve is a functional of the joint distribution of health, H, and income, Y. 3 Without loss of generality, the random vector (H, Y) has a joint density f H,Y that is supported on  × , with marginal densities given by f H and f Y and marginal cumulative distribution functions F H and F Y . 4 Let z(p) be the conditional expectation of health, H, with respect to Y equal to its p-quantile. Formally,
The health concentration curve, C(p), is a graphical representation of socioeconomic health inequality. It is the plot of the cumulative proportion of total health in the population against the cumulative proportion of individuals ranked by socioeconomic statuses. It is defined on the interval [0, 1] as follows:
where
The concentration curve is associated with a health concentration index that can be defined as follows 5 :
where represents a parameter of aversion to socioeconomic health inequality. If = 2, then CI( ) is the canonical health concentration index, and if > 2( < 2), then the health concentration index is referred to as the extended health concentration index (Wagstaff, 2002) . It displays more (less) aversion to socioeconomic health inequality if > 2( < 2). There is a natural relation between the concentration curve C(p) and the concentration index CI( ). When C(p) lies above the 45-degree line, health inequality is referred to as pro-poor (i.e., the poor have better health than the rich), and 3 In this paper, we assume that this health measure is a ratio-scale variable. 4 It is important to note that the assumption of (H, Y) having a density can be relaxed. 5 The concentration curve and socioeconomic health inequality indices are often expressed in a continuous framework as in Wagstaff (2002) . In practice, one works with data sets that are finite samples of the underlying true distribution. The point estimates of the health concentration curve are given bŷ
To estimate rank-dependent indices, one needs to assign all the social weight between 0 and to the second observation and so forth. The sample estimator of CI( ) is given bŷ the associated health concentration index is negative. When it lies under the diagonal, health inequality is considered pro-rich, and the associated health concentration index is positive (Wagstaff, Paci, & van Doorslaer, (1991) ). 6 If the health concentration curve coincides with the 45-degree line, then there is no socioeconomic health inequality, and the associated health concentration index is necessarily zero. 7 However, the converse is not necessarily true; a health concentration index equal to zero does not necessarily imply a health concentration curve lying on the 45-degree line. To illustrate this specific situation, we will take a case where the concentration curve intersects with the 45-degree line and is symmetric above and below the diagonal. For this purpose, let us assume that z(p) takes a specific form such that
The health concentration curve associated with this example is different from the 45-degree line suggesting the presence of socioeconomic health inequality (see Figure 1 ). 8 Nevertheless, if one computes the corresponding canonical health concentration index, its value is exactly zero suggesting the absence of socioeconomic health inequality. Furthermore, if one allows for a wider form of value judgment (i.e., varying weights), then the extended health concentration indices associated with Figure 1 will be positive (negative) if > 2( < 2) indicating pro-rich (pro-poor) socioeconomic health inequality. This result is, once again, in contradiction with the conclusion derived from the canonical concentration index. The varying conclusions derived from this specific example (i.e., z(p) = p(1 − p)) are due to the particular shape of the concentration curve in Figure 1 . More specifically, as pointed out by Wagstaff (2002) , the mathematical structure of the canonical health concentration index implies (by construction) a specific form of value judgment about socioeconomic health inequality (i.e., a specific weight) such that with a symmetric distributions the top part will cancel out the bottom part. For this reason, researchers should be cautious while using the the concentration index to infer something about the presence of socioeconomic health inequality, as the conclusions derived will be contingent to the weights used. One can establish robust evidence that is not contingent to the selected value judgment by adopting a formal testing of the relation between health concentration curve and the 45-degree line. If the health concentration curve coincides with the 45-degree line, then socioeconomic health inequality will be equal to zero for any rank-dependent socioeconomic health inequality index. Thus, rejecting the null hypothesis of equality between the health concentration curve and the 45-degree line is a better framework for establishing the presence of socioeconomic health inequality in comparison to rejecting the null hypothesis of CI(2) = 0.
Concentration index and regression
There is a well-established relation between the canonical health concentration index, CI(2), and the slope of a linear regression of health on socioeconomic ranks (see Wagstaff et al., 1991) . The canonical health concentration index can be rewritten as CI(2) = 2Cov(H, F Y )∕ z . Because the slope of a linear regression of health on socioeconomic ranks, , is by definition equal to 12Cov(H, F Y ), it follows that the canonical concentration index is CI(2) = ∕6 z . 9 Thus, a test that rejects the null hypothesis H 0 ∶ = 0 is equivalent to rejecting H 0 ∶ CI(2) = 0. As pointed out earlier, failing to reject the null hypothesis H 0 ∶ CI(2) = 0 does not necessarily imply the nonrejection of CI( ) = 0 for values of ≠ 2. This is why O'Donnell et al. (2008) proposed an approach akin to the one we are proposing in this paper. Although our argument focuses on the concentration index, a similar argument can be applied any other socioeconomic health inequality index (e.g., the symmetric indices of Erreygers, Clarke, & Van Ourti, 2012) . In this section, we have argued that rejecting a null hypothesis of equality between the health concentration curve and the 45-degree line is a better framework to establish the presence of socioeconomic health inequality than testing and rejecting CI(2) = 0. This test would detect socioeconomic health inequalities in situations where the test on the slope of the linear regression will not. In the next section, we argue that it is possible to establish a link between the health concentration curve and a nonparametric regression (i.e., a regression that is allowed to take nonlinear forms). This link makes it possible to establish an equivalence between testing this null hypothesis of a health concentration curve equal to the 45-degree line and testing that the null that a nonparametric regression of health on income is everywhere equal to the average health status.
RESULT
This section presents the result of the paper, which yields a framework for testing the equality of the concentration curve with the 45-degree line (i.e., the line of perfect socioeconomic health equality). The null hypothesis of interest is
The following result is the basis for testing H 0 . Proof. See Appendix A.
Proposition 1 implies that the null hypothesis for testing equality between the health concentration curve and the 45-degree line is equivalent to testing whether the expected value of health conditional on income, E [H|Y = ], is a constant function that is equal to E [H] .
To the best of our knowledge, we are the first to provide a formal proof of this equivalence and a formal framework for its applicability. The bijective nature of Proposition 1 allows us to propose a framework for consistent testing of H 0 . This framework allows the analyst to test the equality between the health concentration curve and the 45-degree line by using tests for correct specification of a parametric regression function H 0 ∶ E [H|Y = ] = E[H] for all level of income, ∈ , against a nonparametric (potentially nonlinear) alternative. This solves the issue of inconsistency arising when testing for the difference between the health concentration curve and the 45-degree line based on a grid of points.
Many tests for correct parametric regression functional form are proposed in the literature (e.g., Azzalini et al., 1989; Wooldridge, 1992; Yatchew, 1992; Härdle & Mammen, 1993; Liu, Stengos, & Li, 2000; Tripathi & Kitamura, 2003; Li & Racine, 2007) . The choice of a suitable test naturally hinges upon which regularity conditions are appropriately satisfied. To provide an example of settings in which the result can be applied, we discuss in detail the implementation of the Härdle and Mammen (1993) test.
The test proposed by Härdle and Mammen (1993) employs the weighted L 2 -distance between the nonparametric and parametric fits as a measure of discrepancy. 10 Given a random sample
, the general form of their test statistic in our framework is 
H i , and (y) is a weight function on , its purpose is to control for areas where there are relatively few observations.
In their paper, Härdle and Mammen propose to use a wild bootstrap testing procedure (see Appendix C). They employ regularity conditions on h, K(·), (·), and f H,Y (·, ·) that yield the validity of their statistical test. In this paper, the regularity conditions required are the same as those in Härdle and Mammen (1993) . For ease of exposition, we state these conditions explicitly in Appendix B.
EMPIRICAL ILLUSTRATION
To illustrate the proposed method empirically, we use data from the National Health Interview Survey 2014. We focus on comparisons of three health-related behaviors that have been of great interest in the health economics literature: cigarettes consumption, overweightedness, and sleeping habits. We measure sleep using reported daily sleep hours, we also measure cigarette consumption by the reported number of cigarettes consumed per day, and finally, following Bilger, Kruger, and Finkelstein (2017) , we measure overweightedness, Ow, by taking the (max[0, BMI − 25]). 11 The National Health Interview Survey monitors health outcomes of Americans since 1957. It is a cross-sectional household interview survey representative of American households and noninstitutionalized individuals. It contains data on a broad range of health topics that are collected via personal household interviews. We use the 2014 public-use data and restrict our attention to adult population for whom we have information about their socioeconomic status and at least one of the three health-related behaviors. After applying all these restrictions to the data, we end up with a sample size of 35,408 for sleep habit, 36,363 for cigarettes consumption, and 35,408 for overweightedness. We use the sample adult file to 
Cigarettes
NW estimator unconditional mean FIGURE 4 Nonparametric regressions. NW = Nadaraya-Watson; Ow = overweightedness extract information on health-related behavior and use family income adjusted for family size to infer the socioeconomic rank of individuals. 12 Figure 2 illustrates the health concentration curves for overweightedness and cigarettes consumption. The concentration curves for overweightedness and for cigarettes consumption are both above the 45-degree line, with the cigarettes consumption one located farther. The first panel of Figure 3 displays the health concentration curve for hours of sleep. This 
health concentration curve almost lies on the 45-degree line. The second panel of Figure 3 plots the difference between the health concentration curve of hours of sleep and the 45-degree line. As expected from inspection of the first panel, this difference is very small. These three examples give us a perfect setting to illustrate the proposed method. As mentioned earlier, any test for parametric specification of a regression function can be used in the proposed framework. In this paper, we focus on the Härdle and Mammen test for illustration purposes. The Härdle and Mammen test consists in checking if the nonparametric (potentially nonlinear) regression function in these three graphs is everywhere equal to this straight line representing the average level of the health variable. Rejecting this null hypothesis is equivalent to establishing that, somewhere, the health concentration curve is significantly different from the 45-degree line.
From Proposition 1, we know that testing for equality between a health concentration curve and the 45-degree line is equivalent to testing whether the conditional expectation of health on income is a constant function that is equal to the average value of the health variable. This why we first estimate the conditional expectation using Nadaraya-Watson nonparametric regressions of (three) health-related behaviors on income. Figure 4 displays these regressions where, on each graph, the horizontal dotted line represents the average value for the health-related behavior variable. We then perform a 999 replications wild bootstrap test to get the p values. Table 1 displays the p values of the Härdle and Mammen test. Given these tests, we cannot reject this equality for hours of sleep (p value = .2910), in other words, we cannot reject the null hypothesis that sleep hours are equally distributed across socioeconomic statuses. However, this equality can be rejected for overweightedness and cigarettes consumption.
CONCLUSION
This paper shows that testing for the equality between the health concentration curve and the 45-degree line is equivalent to testing for constant parametric specification of the regression function of health on income, where the constant is the population mean health status. This equivalency ameliorates the testing problem of interest because now standard tests for parametric specification of a regression function can be utilized. These tests are ubiquitous in econometrics. Building on this equivalency, we describe in detail the implementation of the Härdle and Mammen (1993) testing procedure within the paper's setup. Finally, we present an empirical illustration using the 2014 public-use data from the National Health Interview Survey.
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where the implication (A6) is a result of differentiating both sides of the equality in (A5) with respect to p. We can differentiate the left side of the equality in (A5) with respect to p because the continuity of f H,Y implies that
is a continuous function of p ∈ (0, 1). Finally, because f H,Y is bounded away from zero on  × , the marginal CDF F Y (·) is strictly increasing on ; therefore, for each p ∈ (0, 1)∃! ∈  such that E [
, which concludes this part of the proof.
Next, we prove E [H|Y = ] = E[H] ∀ ∈  ⇒ C( ) = ∀ ∈ (0, 1) using the direct method. By the strict monotonicity of the marginal CDF
This concludes the proof.
APPENDIX B: REGULARITY CONDITIONS
This section introduces the regularity conditions for testing E [H|Y = ] = E[H]∀ ∈ . These conditions are the same as those in Härdle and Mammen (1993) but specialized to our testing problem. Assumptions A1 and A2 in Härdle and Mammen (1993) when specialized to our framework are given by Conditions 1 and 2, respectively: The setup in Härdle and Mammen (1993) allows for conditional heteroskesticity; see Assumption A4 in their paper. In our framework, this assumption is given by
Condition 3.
2 ( ) = VAR (H i |Y i = ) is bounded away from 0 and from ∞ on .
Assumption A5 in Härdle and Mammen (1993) is that the moment generating function is uniformly bounded in a small enough neighborhood of zero. In our framework, this assumption is given by For the kernel K and bandwidth h, we require that they satisfy Assumptions K1 and K2 in Härdle and Mammen (1993) . These assumptions in our framework are respectively given the following conditions. Condition 5. The kernel K is a symmetric, twice continuously differentiable function with compact support, furthermore ∫ K(u) du = 1.
Condition 6. The bandwidth h satisfies h = h n ∼ n −1/5 .
An example of a kernel function that satisfies Condition 5 is the quartic kernel:
